Methionine is the first-limiting amino acid in laying hen diets; hence, estimating the Met requirement for laying hens has been of interest for decades. As a consequence, information on the optimal dietary supply of Met has accumulated over the years. Recently, a general method for integrating quantitative knowledge from multiple studies has been proposed and is referred to as meta-analysis (St-Pierre, 2001 ). The technique is based on collating data from multiple published studies and formulating a statistical model that best explains the observations (van Houwelingen et al., 2002) . Metaanalytical studies of Met investigating the relative efficiency of different Met sources have recently been published for broilers (Kratzer and Littell, 2006; Sauer et al., 2008) . General recommendations for Met requirements in laying hens can be derived from a meta-analytical approach, but such an approach has not been undertaken for laying hens. Moreover, the meta-analytical approach is highly suited to establishing requirements because it focuses on estimating a population level from multiple studies while accounting for the heterogeneity between studies. The statistical model used in meta-analytical studies should be based on a hierarchical or a mixed model, which has at least 2 stages (van Houwelingen et al., 2002) . The first-stage hierarchy models the withinstudy variability as a function of the primary covariate (e.g., Met intake). The second-stage hierarchy models the between-study variability through individual random effects and study-related covariates (e.g., BW, Lys levels, etc.), identifying systematic trends among studies. Using the meta-analytical approach for establishing Estimating digestible methionine requirements for laying hens using multivariate nonlinear mixed effect models ABSTRACT The purpose of this paper was to develop a unified framework for analyzing dose-response data in farm animals and apply it to meta-analysis of digestible Met requirement studies in laying hens. A database containing Met dose-response data from 23 trials originating from 15 peer-reviewed publications was constructed. A multivariate nonlinear mixed effects model was chosen as the statistical framework to model egg mass (g/d) and feed utilization (%) responses simultaneously. The framework accounted for responses being correlated in both the random effects and the errors, which provided a superior fit to data compared with modeling these separately. The framework was implemented in the NL-MIXED procedure in SAS and could accommodate different dose-response functions per response. Three different dose-response functions-the linear broken line, quadratic plateau, and monomolecular functions-were used to identify the best-performing function. The statistical model, which used the quadratic plateau as the functional base for both responses, provided the best fit to data; hence, it was used for biological inference. Effects of secondary covariates of nutritional, genetic, and experimental design origin were investigated, and a systematic trend across studies was detected. The BW of the hens accounted for the majority of the betweenstudy variability by allowing the asymptotic responses to be dependent on the BW. The final estimate of the Met requirement for maximizing egg mass was 356 (SE = 6.1) mg/d, whereas the corresponding Met requirement for maximizing feed utilization was significantly higher (P < 0.001), at 390 (SE = 11) mg/d. Thus, it can be concluded that the biological requirement for digestible Met is at least 356 mg/d. When multiple responses are collected in dose-response studies, these should preferably be analyzed simultaneously because the requirements are established within the same statistical model that accounts for correlation among the errors and among the random effects associated with distinct responses in the model.
INTRODUCTION
Met requirements serves 2 purposes. First, the appropriate dose-response function must be identified, and second, study-related covariates are identified. Hence, several dose-response functions must be investigated first (Kebreab et al., 2007b) . Among the dose-response functions available in the literature, 3 nonlinear functions were evaluated in this study. The most commonly used functions for estimating requirements in animals (Robbins et al., 2006; Kebreab et al., 2007a) were chosen. The functions selected were linear plateau (LPL), quadratic plateau (QPL), and monomolecular (MM).
It was expected that the requirement estimates would depend on the biological response (i.e., criteria) used to quantify the requirement (Schutte et al., 1994) . The standard responses collected in most Met requirement studies are egg mass (EM; egg production × egg weight) and feed intake (FI). Hence, the third trait can be constructed as the feed utilization (FU; i.e., EM/ FI). Biological responses are correlated functionally (e.g., EM is a function of the feed consumed). Hence, analyzing performance data simultaneously provides the possibility for responses to be correlated contemporaneously. This may lead to improved fits to data and decrease parameter uncertainty (i.e., SE; Strathe et al., 2009) . Multiple-response methods are biologically and statistically appealing; therefore, development of a multivariate nonlinear mixed effects (MNLME) model as an alternative to the nonlinear mixed effects model for analyzing dose-response data from multiple findings is a natural extension.
The objectives of the present study were to 1) develop a unified framework for analyzing performance data originating from dose-response experiments with laying hens, and 2) to establish new requirements for daily digestible Met for laying hens using the new methodology.
MATERIALS AND METHODS

Description of the Data Set
A data set was collated from the literature, containing 23 trials from 15 published studies and a total of 115 treatment means. A summary of the data set is presented in Table 1 . The selection criteria were based on the following: 1) the data were published in a peerreviewed journal, 2) the EM and FU were recorded or could be calculated from the published data, and 3) the duration of the trials was recorded. If full dietary information was available, it was entered into the database. Some of the studies were conducted before an ileal digestibility protocol was established; thus, some of the digestible Met values might refer to Met digestibility obtained by rooster assays. The chemical composition of the experimental diets was recalculated from their ingredients by using AminoDat software version 3.0 for uniformity (Degussa AG Feed Additives, 2006) because of missing dietary information (e.g., total Met and not digestible Met were reported) in some studies. Because Met digestibility values determined in layers were scarce for many of the raw materials, the AminoDat software relied mostly on ileal digestibility data obtained from broiler data (Lemme and Bryden, 2004) . In all cases, supplemental Met was considered to be 100% digestible. Preliminary analysis using the univariate models showed that the daily digestible Met intake (mg/d) was a suitable representative for the dose variable (primary covariate) because it accounts for variability associated with FI at similar digestible Met levels. Thus, the requirement stated refers strictly to daily digestible Met requirements. However, other primary covariates were also explored initially, namely, the digestible Met-to-digestible Lys ratio and the daily digestible Met intake-to-ME ratio. In Figure 1 , EM (g/d) and FU (%) were plotted as a function of the daily digestible Met intake, representing the primary covariate. The FU was multiplied by a factor of 100 to convert it to a percentage value because EM and FU are approximately on the same numerical scale and the residual variances should be similar, which helps the optimization of the likelihood function. Secondary study-related covariates were ME (MJ/kg), CP (g/kg), Lys (g/kg), Cys (g/kg), BW (kg), publication year (PY), and the age of hens (wk) at the start and termination of the trial. It was not possible to establish daily digestible Met requirements for a single strain of layer because strain was confounded with study. The data included Lohmann White, Lohmann Brown, Comb White Leghorn, Dekalb Delta, Hyline W-36, Shaver, ISA Babcock, and Hisex Brown. However, some of the strain effect was accounted for by the BW of the hens.
Dose-Response Functions
The functional forms, f(ϕ, x), listed in Table 2 were used to investigate the relationship between dose and response. The LPL and QPL functions provide a functional form that describes the response to a nutrient across all dose levels and yield a break point parameter (R), interpreted as the nutrient requirement above which there is no significant change in the dependent variable (Robbins et al., 2006) . The QPL accounts for diminishing return behavior below the requirement, whereas the LPL assumes a constant efficiency of utilizing Met below the requirement. The slope parameters (k) in the LPL and QPL were parameterized in natural logarithm to improve optimization of the likelihood function (Davidian and Giltinan, 1995) . The MM function is parameterized to include a minimum realized performance at the lowest Met intake (x min ), which is specific to the ith trial and remains fixed during parameter estimation (Bonekamp et al., 2010) . The MM increases according to the law of diminishing returns and approaches an asymptote given as a + b. The decay parameter (k) in the MM was parameterized as the natural logarithm to improve optimization of the likeli-hood function (Davidian and Giltinan, 1995) . Deriving a requirement parameter (R) for the MM function can be done by introducing the proportion parameter (0 < p < 1) of parameter b, for which no significant change is predefined in the dependent variable, and then solving for x. The predefined optimal performance (y opt ) equates to a + b•p, excluding the performance at the lowest level of intake (Met intake from the basal diet) in calculating the requirement (Bonekamp et al., 2010) . Alternatively, the predefined optimal performance can be defined as a proportion of the total response, that is, y opt = (a + b)•p, as suggested by Robbins et al. (1979) and Pesti et al. (2009) . This proportion has traditionally been set to 0.95 defining the requirement; however, any arbitrary proportion may be used. Thus, the general formulae are provided in Table 2 . 
Univariate Statistical Analysis
The meta-analytical model is best described as a 2-stage hierarchy in which the first-stage hierarchy models the within-trial variability and the second-stage hierarchy models the between-trial variability. Let y i denote a vector (n i × 1) of biological traits [EM (g/d), FU (%), and FI (g/d)] collected from the ith trial. The first-stage model can then be generalized as follows:
In equation [1] , the function f is a known nonlinear dose-response function (as described above) of x i (n i × 1), the primary covariate (digestible Met intake) and of the trial-specific parameter vector φ i and an n i × 1 vector of trial error e i ~ N(0, σ 2 I i ), where σ 2 is the residual variance and I i is the n i × n i identity matrix. M is the number of trials (23) and n i is the number of records within the ith trial. The second-stage hierarchy, which is also referred to as the population model, can be described as follows:
where β = [β 1 , β 2 , β 3 ] T is a vector of fixed population parameters (where T is transpose), and
T is a vector of trial random effects, describing the deviation of the ith trial from the population mean. The trial random effects, b i , are assumed to be independent of the within-trial error, e i , which is also assumed to be b i ~ N(0, Ψ). The variance-covariance matrix Ψ is intended to be a diagonal variance-covariance matrix; hence, the off-diagonal elements are set to zero, specifying independent random study effects. The univariate analysis is used to generate a good starting value (population and variance parameters) for multivariate analysis and to identify the best-performing dose-response function. Hence, no study-specific covariate information is considered. All parameters are estimated simultaneously with maximum likelihood using the NLMIXED procedure of SAS (SAS Institute Inc., Cary, NC).
Multivariate Statistical Analysis
The statistical method used to estimate parameters in the multivariate dose-response models is defined as follows: Let Y i be an n i × 2 response matrix collected from the ith study, in which the rows represent n i different digestible Met intakes and the columns represent the 2 different responses, that is, EM and FU. The model can be written as . 
where f(θ i , x i ) and e i are n i × 2 matrices of associated expectation and error terms, respectively, f is a general, real value and differentiable function of a trial-specific parameter vector θ i and primary covariate x i . The error is assumed to be e i ~ N(0, Λ i ), where Λ i has the dimension 2n i × 2n i . A structure of Λ i remains to be specified. A convenient structure can be constructed by assuming that error terms for EM and FU from the same study and for the same record have covariance structure Σ. This means each row in the error term e i in equation [3] has variances σ 1 2 and σ 2 2 and covariance σ 12 , which are the elements in Σ. All other terms are uncorrelated; hence, Λ i = Σ ⊗ I i . This finalizes the specification of the first-stage hierarchy. For the multivariate version, the second-stage hierarchy is set up in the following way, illustrating the incorporation of the covariate BW i as an example: Table 2 . The functional forms used to describe the relationship between Met intake (x) and response in laying hens
The parameter vector ϕ is composed of parameters a, b, c, k, R, and y max , which are specific to the individual function and all positive entities, for the monomolecular function a + b = y max .
2 The expression of the requirement (R) was derived by defining the proportion p (0 < p < 1) of the b [1] or total response y max [2] , which represent the performance at the predefined optimum (e.g., 0.95), and then solving for x. 
where
k 2i , and R 2i are studyspecific parameters in the 2 QPL functions, respectively. Fixed effects in the 6 functional parameters are denoted by subscripts 1 for the EM response and 2 for the FU response and by subscripts 0 and 1 for the intercept and slope, respectively. Note that the intercepts are adjusted to a BW of 1.8 kg (the average in the data set). This was done for all secondary covariates because centering the mean seemed to stabilize computations empirically. It was also assumed that the random effects
where Ω is an unstructured variance matrix. Hence, 4 random effects for the multivariate models were included, yielding a total of 10 variance-covariance parameters in Ω to be estimated. The candidate structural parameters for inclusion of a random effect were chosen from the univariate analysis. In theory, all structural parameters should be trial specific; however, this leads to a difficult computational problem because variance and covariance parameters in a 6 × 6 covariance matrix must be estimated. Thiébaut and Jacqmin-Gadda (2004) discussed the problems of estimating parameters in larger variancecovariance matrices using Gaussian quadrature methods; hence, the current study is limited to considering 4 random effects, modeling the heterogeneity between studies. All parameters were estimated simultaneously with a full maximum likelihood method using the NL-MIXED procedure of SAS (SAS Institute Inc.). The option GENERAL in the model statement was used to specify the conditional multivariate normal distribution of the data, given the random effects. The number of quadrature points was set to 10 (QPOINTS = 10) for all multivariate analyses, securing adequate precision in the parameter estimates. The option OPTCHECK was used to check the neighborhood of the likelihood function to ensure that the optimization had found a global minimum. Details of fitting MNLME models are described in detail by Strathe et al. (2010) .
Model and Covariate Selection
The first questions to be addressed in the covariate modeling process are the determination of which variables are potentially useful in explaining the betweentrial random effects variation and which random effects may have their variability explained by covariates. This is probably best achieved by analyzing plots of the random study effects estimates vs. the covariates, looking for trends and patterns (Pinheiro and Bates, 1998) . In the analysis, the random effects of the structural parameters are plotted against the candidate covariates. After the candidate covariates have been chosen, a decision must be made on how to test for their inclusion in the model. The number of extra parameters to be estimated tends to grow considerably with the inclusion of covariates and their associated random effects in the model. If the number of covariates or random effects combinations is large, Pinheiro and Bates (1998) suggest using a forward stepwise approach in which covariates are included one at a time and the potential importance of the remaining covariates is graphically assessed at each step. The decision on whether to include a covariate can be based on the Bayesian information criteria (BIC) of the fits with and without it.
The best-performing model was used for subsequent analysis based on the following goodness-of-fit indicators: −2 log-likelihood (−2Logl), BIC, and residual SD. Likelihood ratio tests (LRT) are used for nested models (Pinheiro and Bates, 2000) . When additional traits (i.e., requirements) are calculated as a function of the fixed effects estimates [g(β)], the corresponding (approximate) SE is obtained by means of the delta method, which is available in the ESTIMATE option in the NLMIXED procedure of SAS. Once the final model is obtained, which is used for establishing digestible Met requirements, it is subjected to the influence diagnostic (the iterative influence diagnostic option available in the MIXED procedure of SAS). One study is deleted from the full data set and the final model is refitted, and the parameter estimates and fit statistics are saved. The influential or outlying trials can be detected by plotting the candidate statistic (e.g., digestible Met requirement estimates) against the study deleted. All graphics are produced using the lattice package available in R software (Sarkar, 2008) .
RESULTS AND DISCUSSION
Modeling Strategy
The nonlinear mixed effects model, which has become a standard tool for meta-analysis, involves a nonlinear relationship between the response and the primary covariate, but so far these statistical models have been only univariate (Kebreab et al., 2007b; Sauer et al., 2008) . The results of fitting different univariate models is presented in Table 3 , and based on fit statistics, the functions were ranked as follows: 1) QPL, 2) MM, and 3) LPL functions for the traits EM and FU. In this study, the statistical setup was extended, modeling both responses simultaneously and hence accounting for responses from the same study and level of intake being correlated. Fit statistics for the MNLME-LPL, MNLME-QPL, and MNLME-MM models are also giv-en in Table 3 . The QPL function also outperformed the other functions when it was used as the base function for the multivariate analysis; thus, the covariate analysis was based on the QPL model. The goodness of fit to the data achieved by the MNLME method can be seen in Figure 2 , where the study-specific curves along with the population curves are shown, indicating a satisfactory fit. The plot shows the importance of using a random effects model to account for heterogeneity among studies because the response curves for some of the studies were very different from the population curve. The first-stage probability density functions in both the uni-and multivariate models were specified as normal and multivariate normal, which included all terms (i.e., the constant term). The method of maximum likelihood estimation yields values of the model parameters from an underlying probability model that produces the distribution most likely to have resulted in the observed data. From this perspective, multiple competing models can be compared in terms of the negative log-likelihood or a penalized version of it (i.e., BIC). The advantage of modeling the 2 responses simultaneously may then be illustrated simply by adding the values −2Logl for the 2 univariate models used to analyze EM and FU because these are independent (i.e., 482 + 457 = 937). This sum can be compared with the −2Logl value of 866 for the multivariate model, analyzing EM and FU simultaneously (Table 3 ). In agreement with the report of Strathe et al. (2009) , a superior fit to data was obtained using the multivariate model for dose-response modeling. Hall and Clutter (2004) reached the same conclusion when MNLME models were used for modeling responses related to forest growth and yield. The advantage of analyzing the responses simultaneously is that the variance-covariance matrices Σ and Ω can be used to build correlation among the errors and among the random effects associated with distinct responses into the model (Hall and Clutter, 2004) . Moreover, the framework can be implemented in the NLMIXED procedure of SAS; thus, no ad hoc program is necessary for using the framework to analyze performance data commonly collected in animal nutrient requirement studies.
The FI should not be taken as a third response because it can be derived from the 2 other responses [i.e., FI, g/d = EM/(FU•100)], so within the context of the multivariate analysis, it does not carry any further information that was not already included in the analysis. To illustrate this fact, the FI predicted by the model was plotted against the observed FI and the line of unity (Figure 3) . This shows that a strong relationship exists between model-predicted and observed FI because the points are clustered closely around the line of unity. Hence, the model provided good fit to the responses EM and FU.
Effect of Secondary Study-Related Covariates
The covariate analysis results are presented in Table  4 . The study-related covariates of interest were included as specified in equation [4] , and rankings according to BIC were as follows: 1) BW, 2) initial age at trial start; 3) PY and final age at trial termination; 4) Cys, 5) ME and Lys, and 6) CP. The BIC values and a series of LRT in Table 4 testing the significance of the covariates against the base model suggested that the effect of most covariates (i.e., CP, Lys, ME, Cys, PY, and final age at trial termination) were weak (P > 0.01). The nutritional variables provided limited explanation for the between-trial variability, which might be interpreted as the experimental diets across studies being fairly balanced. The PY was seen as an index of the genetic progress that layers have undergone, but it was partly confounded by the different strains used in the studies. This might explain the limited effect of the covariate; therefore, studies conducted before 1990 were also included in the data set for meta-analysis. Figure 2 . Egg mass (left) and feed utilization (right; ○) plotted as a function of digestible Met intake, including study-specific (-) and population-average (--) quadratic plateau curves fitted simultaneously using the multivariate nonlinear mixed effect method.
The BW of hens accounted for some of the betweenstrain variability and was a slightly better predictor than the initial age at trial start, that is, BIC of 925 vs. 926. Combining multiple covariates in the multivariate models yielded no improvement of fit to data as determined by the LRT (P = 0.68) and BIC value of 932. Hence, the results were reported for the MN-LME model that included BW as the sole secondary covariate. The effect of BW influenced the structural parameters describing the asymptote for the 2 traits (P < 0.001), so these parameters were kept in the model. On the other hand, the BW effect was not significant (P > 0.05) for either structural parameter describing the requirement and slope in the MNLME-QPL model, so these were dropped from the model. To investigate the influence of the individual trials on the results and to check the robustness of the estimated Met requirements, the influence diagnostic procedure was undertaken ( Figure 4) . The influence procedure showed that the estimated Met requirements adjusted to a BW of 1.8 kg were insensitive to the collection of studies because sequential estimates after depleting 1 trial fluctuated only marginally around the estimate for the full data set (Figure 4) . Moreover, the associated SE of the estimates were all of similar magnitude. For the MN-LME-QPL model, which included the effect of BW on all parameters, R 11 and R 21 , describing the effect of BW on the Met requirement, were estimated with a high level of uncertainty. Hence, a relationship between the Met requirement and BW could not be established because all the systematic variation attributable to BW was "absorbed" in the structural parameters describing the asymptotic response. Sequential Wald tests for the significance of parameters R 11 and R 21 , resulting from refitting the model to subsets of the data, showed that the lowest P-values for the parameters were 0.19 and 0.28, respectively. Thus, the conclusion was robust for the specific collection of studies used. This may not always be the case; hence, influential diagnostics, as presented here, are highly recommended to identify studies that have a critical impact on conclusions reached in meta-analyses.
Estimation of the Met Requirement
Selection of the appropriate dose-response function has other implications than simply comparing individual functions fit to the data because the estimated daily requirement for Met was derived from the functions ( Table 2 ). The estimated daily requirements for Met are presented in Table 5 for the LPL, QPL, and , k 2i , and R 2i , respectively. Random effects were introduced into the 4 structural parameters y k y k MM functions and for the EM and FU traits using the MNLME method. The BW effect was included for all parameters in the 3 dose-response functions because of symmetric considerations and was adjusted to a BW of 1.8 kg. Using a dose-response function that provides a diminishing response (i.e., QPL and MM) to increased Met supply generally led to higher Met requirement estimates. When data resulting from the average performance of a group of animals are modeled, it must be remembered that the animals differ in their capacity to utilize nutrients, so a curvilinear response should be expected. It can be shown by means of probability theory and stochastic simulation that this curvilinearity is the result of animal-to-animal variation (Curnow, 1973; Pomar et al., 2003) . The LPL function is not appropriate because the function does not account for this inherent property of the data, which is also expressed in the fit statistics (Tables 3 and 5 ). The improved performance of the QPL compared with the LPL is due to a better fit to the data region where the ascending portion meets the plateau (Pesti et al., 2009) . The QPL and MM functions both account for a curvilinear response, reflecting the law of diminishing marginal productivity below the requirement (Pesti et al., 2009) . However, the estimation of the requirement is subjective in the case of the MM in that an optimal level has to be arbitrarily set at 90 or 95% of the asymptote (Robbins et al., 1979; Baker, 1986) . In the case of the QPL function, it is an integral part of the function and is directly estimated from data when the likelihood is maximized. The subjectivity is expressed not only in the assumption of the fixed proportion that defines the optimal performance (mathematically given as y opt1 = a + b•p) and corresponding required Met intake, but also in the definition of the optimal performance. Moreover, changing the definition of the optimal performance to a proportion of the asymptote [y opt2 = p•(a + b)] leads to a slightly more complicated expression for R (Table 2) . However, it dramatically changes the estimates of the required Met intake (Table 5 ) at a similar predefined proportion of 0.95. Note that y opt1 → y opt2 when a → 0; thus, the computed requirements from the 2 approaches are equal when a = 0. Using the MM function for estimating requirements may complicate the interpretation of the data because of the subjectivity of defining the optimal performance. If the MM function is used to express requirements, a clear mathematical definition of the optimal performance should be given. A Michaelis-Menten function with an offset, encompassing both definitions of the optimal performance, was also used initially as the base for establishing the Met requirement. However, the function yielded unrealistically high Met requirement estimates (R > 600 mg/d), so the analysis was dropped. For the current data set, the QPL function was preferable; it provided a superior fit to data and a clear expression of the requirement because it was estimated directly from data without any additional assumptions. Finally, the QPL model defined the technical concept of nutritional requirements clearly.
The parameter estimates for the final model, incorporating the effect of BW on the asymptotes, are presented in Table 6 . Note that the t-score (estimate/ SE) for all fixed effect parameters were greater than 2, showing that these were all significant at a 5% level and hence were well identified. Analyzing performance data within the same statistical model (multivariate setup) allowed formulation of a formal statistical test that quantified whether Met requirements for maximizing EM and FU were the same (under the null hypothesis); hence, the expression of the requirement could be combined into a single structural parameter (R) in the MNLME-QPL model. This was another advantage of the multivariate approach (Strathe et al., 2009 ). The results of using the QPL function suggested that the requirement for maximizing EM was significantly lower than that for maximizing FU (P < 0.001), that is, 356 (SE = 6.1) vs. 390 (SE = 11) mg/d. From a practical perspective, a single requirement is preferable and the requirement estimated in the model, having one parameter expressing R, produced a requirement estimate of 364 (SE = 7.3) mg/d digestible Met, but this model led to a poorer fit to data, that is, BIC of 933 vs. 919. Strathe et al. (2009) used the multivariate framework to establish the optimal Trp-to-Lys ratio in young pigs from literature data, and the meta-analysis showed that, for these data, the optimum could be combined in a single structural parameter, which suggests that the decision may depend on the data in question. The multivariate framework provided us with different statistics for decision making. Higher requirement estimates for FU were given with both the LPL and MM functions, but in the case of the LPL, the digestible Met requirement was not significantly different for responses EM and FU (P = 0.50). This finding can be explained by differences in the underlying curvature (i.e., the change in EM and FU per mg/d of digestible Met intake) of the EM and FU responses. In the QPL function, k is the parameter describing the curvature of the response below the requirement. Comparison of k 10 with k 20 showed that k 10 was significantly greater than k 20 (P < 0.001), and visual inspection of Figures 1 and 2 also suggests that the response profile for FU is flatter than that for EM. When a curvilinear function is used, modeling the response below the requirement will inevitably lead to higher requirement estimates, especially if the response profile is lacking curvature. This statement was underlined further by comparing the SE of R 10 and R 20 , which showed that R 20 was estimated with about twice the uncertainty. Finally, the daily digestible Met requirements estimated using the MNLME-QPL model (Table 6 ) for both responses were higher than previous recommendations of total Met requirements of 300 mg/d and digestible Met requirements of 350 mg/d given by the NRC (1994) and the Dutch Bureau of Livestock Feeding (1996) , respectively.
In conclusion, a new multivariate framework was derived to estimate nutrient requirements that accounts for the animal responses being correlated. It was used to estimate daily digestible Met requirements for laying hens from 23 dose-response experiments. Three doseresponse functions (LPL, QPL, and MM) were tested, and it was concluded that the QPL function was preferable. The BW of the hens was the best predictor of systematic differences between experiments when Met was not limiting bird responses, and thus BW did not significantly affect the Met requirement estimates, but these were significantly different for the 2 responses. Finally, it can be concluded that the biological requirement for digestible Met in laying hens is at least 356 mg/d. 
